Abstract-This paper presents a a general framework for applying individual decision models to aggregated populations. Our approach is useful for modeling and predicting evacuation decisions from disasters, ranging from earthquakes, flooding and wild fires, to industrial emergencies like chemical spills or nuclear accidents, to reactions to terrorism attacks. The novelty of our approach is to apply well-documented household evacuation behavioral models to statistical accurate synthetic populations with detailed demographic information. Predictions of who evacuates and who does not evacuate, and the type and location of the selected shelters is useful for emergency management and planning. We illustrate it by applying our tools to predict emergency relocation behavior from hurricanes.
I. INTRODUCTION
Hurricanes are a fact of life in the south-east of the USA. While it is possible to prepare to weather them, sometimes it is better to get out of their way. This it is crucial for the population at risk, and the government, to plan and prepare for an eventual evacuation.
One of the lessons learned from Hurricane Katrina is the importance of developing contingency plans for massive evacuation. Not only does the impacted area need an emergency evacuation plan, but the surrounding rural communities and metro areas must be ready to absorb a large influx of evacuees and be prepared to respond to the increased demands on infrastructure and resources from the evacuees. For example, it is estimated that one million people evacuated greater New Orleans for Katrina, of which as many as 10,000 people, mostly the poor failed to evacuate; at least 150,000 took refuge in Houston, while over 250,000 people evacuated to nearby Baton Rouge. This mass evacuation, jointly with the government's inability to respond fast enough, was in part responsible for the chaos that followed Katrina.
Predictive models forecasting who evacuates an impending hurricane, where they evacuate to, and to what type of shelter, and also who stays behind, provide important information for emergency management and planning in many ways. First, knowing where the evacuees are relocating can help allocate resource during an ongoing event and inform emergency workers about the population at risk from a failure to evacuate in time. Second, prediction of evacuation behavior from hypothetical events allows analysts to assess the robustness of infrastructures from increased demands arising from the influx of evacuees into an area and helps to locate shelters and stockpiles. Third, the relocation predictions, when used as a planning tool, can bring together the stakeholders and government officials that need to work together in the event of a disaster.
This paper presents a science-based approach to predict evacuation and relocation behavior. There are many studies that identify important factors of evacuation decisions. Posthurricane surveys provide detailed insight into the characteristics of individuals and households who chose to evacuate and those who choose to stay. A common feature of all these surveys is that the decision to evacuate is based on the perceived risk of each individual and/or household. Baker [5] studied 12 hurricanes from 1961 to 1989 covering almost every state from Texas to Massachusetts and concludes that the major factors determing the decision to evacuate are risk level of the area, actions of public authorities, housing, storm specific threat factor and prior perception of personal risk. Models that relate the perceived risk of individuals and households to characteristics and attributes of the individuals and households can predict evacuation behavior for future events. The problem with this approach is that in general, the characteristics for each individual in the population that are needed to make evacuation predictions, are not available. At best, we may know the marginal distribution of each characteristic of interest for the population aggregated at some geographic resolution, such as the census block, the census tract or the county level.
This creates an information gap between the needed and the available information. The contribution of this paper is a new way to bridge this gap through the construction of a statistically accurate population of households endowed with the required characteristics for the model, to which the individual behavior model can be applied. A similar idea is used in activity-based transportation modeling where the results of local travel/actvity surveys of individuals need to be transferred to other populations. The latter synthetic population only requires a few (up to four) covariates and is therefore significantly simpler than the synthetic population required for relocation prediction which requires requires up to twelve attributes. Given a synthetic population, statistical prediction of the relocation is possible by applying household behavioral models to a population only known at an aggregated level.
We have produced a prototype for a tool that implements these ideas to predict relocation from hurricanes. Our tool takes as input the predicted path and strength of the hurricane at landfall, flooding and wind risk zones, census data for both the impacted area and its surroundings, and information about location and capacities of public emergency shelters and hotels. The output from the tool, which requires between ten to twenty minutes of computation on a standard desktop computer, consists of a list of households that evacuate, with the location and type of shelter each household uses, and a list of households that fail to evacuate. The results can easily be tabulated and visually displayed using standard Geographical Information Systems (GIS). We have tested our models for hurricanes Katrina (August 2005), Gustave (August 2008) and Ike (September 2008). Comparison to the predictions from our tool are good.
The current implementation of our tool is not dynamic, meaning that the outflow of evacuees is not modeled as a function of time. We assume that anybody that decides to evacuate, provided they have a vehicle, is able to relocate. Many existing macro traffic simulators, like NEVTAC [19] , or Evacuation Traffic Information System [17] used by the states of Florida, Georgia, Alabama, North Carolina, and South Carolina, simulate the actual evacuation, but require as input among other factors, the expected evacuation participation rate, and destination percentages for expected counties, although default values are provided. Thus it is possible to extend our tool to produce time dependent answers in the future.
There are many other scenarios beyond hurricanes for which evacuation predictions are desirable. For example, such predictions would have been useful during the 1979 Three Miles Island reactor crisis, where between March 28 and April 4, over 144,000 people evacuated [20] , and more recently during the California wildfires in the Fall of 2007, where over half a million residents left their homes to seek shelter. Prediction of evacuation behavior was an important component in the recent terrorism preparedness exercise Top Officials 4 in October 2007, that simulated terrorists detonating a radiological dispersion device (RDD) or dirty bomb causing widespread contamination in Portland, Oregon, Phoenix, Arizona, and the U.S. Territory of Guam. This paper is organized as fellows. Section II reviews perceived risk based evacuation behavioral models for evacuation and Section III discusses how to model shelter type and location. Section IV discusses how to generate a synthetic population of households while Section V presents an overview of the implementation of the tool. An illustrative example is given in Section VI and we conclude the paper in section VII.
II. MODELING INDIVIDUAL BEHAVIOR
The literature on evacuation behavior documents that the decision to evacuate generally occurs at the household level [2] , [5] , [7] , [10] , [12] , and [22] . That is, either the entire household evacuates or not. The decision to evacuate depends on the perceived risk that the hurricane poses to the household [1] and [2] . It should be noted that the notion of perceived risk is a recurring theme in evacuation modeling in general. See, for example, the studies by Johnson, [14] and [15] , on the evacuation in the wake of the Three Mile Island nuclear reactor malfunction. These studies made evident the effect of perceived risk and the resulting shadow evacuation phenomena, i.e., more people than those identified as vulnerable decided to evacuate.
A challenging aspect of perceived risk modeling, is that the evacuation behavior for each hurricane is unique, even for hurricanes of the same strength that hit land in the same general area. For example, there are instances of two hurricanes that followed one another within a few weeks. Both hurricanes were of comparable strength. However, the evacuation rates for the second hurricane was lower than for the first. Conversely, the evacuation rates for Hurricane Rita, which followed Hurricane Katrina, was much higher than anticipated. Particulars of the hurricane also impact the perceived risk. For example, anecdotal evidence suggests that the speed of the hurricane can impact evacuation behavior. In a recent hurricane, the storm slowed down just before landfall. Since the hurricane did not hit the shores when first anticipated, the population returned, just to be told to evacuate again when the storm started to move again. This second evacuation order was ignored by a substantial part of the population.
Nevertheless, post-hurricane surveys and hypothetical hurricane behavioral studies are useful to identify important factors that help to predict behavior of households in the event of a hurricane landfall, i.e. the evacuation decision (see for example [7] , and [22] ). And although there are documented differences between hypothetical and actual evacuation behavior [23] , these surveys can help build statistical models, using logistic regression and neural networks (see for example [13] , [22] , and [24] ) that can predict the likelihood of evacuation. The statistical models from the various studies shows a surprising consistency for which factors are important to predict evacuation behavior. We take this as evidence that it is possible to model perceived risk from historical and hypothetical evacuation surveys.
These studies consistently identify housing type and location as important factors ( [1] , [7] , and [12] ). Specifically, households living in mobile homes or in multiple-unit housing are more likely to evacuate than households living in detached single-family units ( [12] and [22] ). Also, awareness that the housing unit is located in a flood or evacuation zone increases the probability of evacuation.
Household composition is another important factor: the presence of children in a household makes it more likely to evacuate while the presence of elderly in a household makes it less likely to evacuate [7] and [12] . Health status and pet ownership are also influential factors [12] . Education of the resident, a proxy for social status, is another factor. Interestingly, no study found household income to be a determining factor for evacuation, although it affects where household evacuates.
The location of the household is another important factor. Households located in known and well-advertised evacuation areas (prone to flooding or high wind risk) are more likely to evacuate. There is an ongoing debate about the impact of tenure, that is, the length of time the household has lived at the same location. One camp argues that tenure increases the chance of evacuation because the household is more familiar with hurricanes and hence better able to asses the risk it poses, while the other camp argues that it decreases the chance of evacuation due to hurricane fatigue (i.e., a sense of hopelessness and frustration from dealing with the stress of multiple hurricanes). The data from specific hurricanes sometimes support one camp, and sometimes the other.
Finally, government intervention is an important factor. Here, intervention refers to various sorts of announcements, from broadcasting to door-to-door notification. The probability of evacuation depends on how well the household is informed by the government. In the modeling effort, English/Spanish proficiency was considered, or rather the lack of it, as a barrier to receiving the evacuation order.
III. MODELING SHELTER TYPE AND GEO-LOCATION
Historical data from past hurricanes indicate that typically, between 45% to 70% of the evacuated households stay with friends and family, and that between 20% to 40% of the evacuees go to hotels and motels. The remaining 5% and 25% go to public shelters. The actual percentage depends on demographics, hurricane strength, population density of the evacuated area, and population density of the neighboring communities. As a rule of thumb, shelters are always underutilized. The only known exception to this rule is during a catastrophic event that affects the households that did not evacuate in time. In that case, the population will potentially seek and fill up the shelters of last resort to capacity. The flooding of New Orleans in the wake of Hurricane Katrina is an example of this.
In a comprehensive study [22] , Whitehead uses a multiplechoice model to determine what factors impact the choice of shelter. Some of the factors identied were hurricane characteristics, income, householder's race, sex and education, and housing type. As for the decision to evacuate, there is strong hurricane-to-hurricane variability, based on the data from the post-hurricane studies commissioned by the U.
S. Army Corps of Engineers ([2], [3], and [4]).
There are a limited number of studies on distance traveled when evacuating [9] . Given the guidelines of posthurricane studies [1] , a gravity model was chosen (in which the attractiveness of a shelter increases with the number of evacuees it can harbor, but declines with increasing distance). A recent Ph.D. thesis proposes an economics based approach [7] . This is an intriguing idea. This idea is partially adopted by considering a different gravity model for each shelter type. In the implementation of the gravity, a hard limit on the hotel/motel and public shelter capacities was enforced. This forces individuals who choose these shelter types to move further away from the evacuation area in search of shelter.
IV. SYNTHETIC POPULATION TO BRIDGE THE DATA GAP
The perceived risk models require knowledge of sociodemographic attributes for each individual to predict evacuation behavior. Unfortunately, the population at risk is rarely known at that level of detail. Instead, the characteristics of the population are usually only known at an aggregated level, such as in a census block, census tract or county. Furthermore, one often only knows the marginal distribution -the distribution of one characteristic at the time -of each characteristic of interest within each geographic region.
To circumvent this aggregation problem and allow us to apply the individual perceived risk model, we propose to create a statistically representative synthetic population. The individuals of that population are endowed with the characteristics required by the risk based models, and the synthetic population is constructed in such a way that the marginal distributions of the various characteristics match the marginal distribution observed in the aggregated population. Note that if the whole population is composed of several aggregated subpopulations (think of a county being composed of several census blockgroups), then we may wish to generate a synthetic population for each of the subpopulation.
The idea is to estimate the individual probability of evacuating using demographics, the hurricane's characteristics and information about government intervention, and then aggregate the results for the entire population. In this manner the results are based on predictions of individual behavior, that will vary according to the population's composition, and are guarantee to be reliable estimates by the law of large numbers. Thus, having a synthetic population that is statistically equivalent to the census, allows to do forecast in real time and for hypothetical scenarios.
We apply the methodology developped by Beckman et al. [6] in the context of activity based transportation modeling, to construct a statistically accurate synthetic population of households with demographic characteristics that closely match the population under study. The methodology applies an iterative proportional fitting algorithm to the Public-Use Microdata Samples (PUMS) data in a way that matches the following marginals provided in the Summary Files 3 (SF3 from the 2000 Census) at the block group level. For each synthetic household, the following variables are extracted from the PUMS and matched to the marginal distribution in each census block-group: This produces a synthetic population of households with the demographic characterisitcs described for each census block group. If needed, these households can be geo-located within each census block group, but for this particular application, the census block group provides a reasonable level of resolution given that typically evacuation orders are given at the county level.
We note that a major difference between our synthetic population, and the synthetic populations used by the transportation community, is the number of factors on each individual we attempt to match.
V. IMPLEMENTATION Figure 1 shows the overall flow diagram of the hurricane relocation tool that computes statistically accurate reallocation status (evacuate or not) for each household in the impacted area. For households that evacuate, our tool determines the type of shelter and its location. The resulting information is readily summarized into the number of individuals who neglect to evacuate in each impacted census block group and the number of evacuees relocating to friends and family, hotels and motels, and public shelters for each of the block groups and counties that receive any evacuees. The results are subsequently analyzed and visualized using a GIS software. An example is provided in Section VI The model consists of two main components, the synthetic population generator previously discussed and the evacuation behavior model that we detail in Section V-B. Section V-A describes the input data requirements, and section V-C discusses some added features of the model.
A. Data requirement
The model requires the following input data:
• Predicted hurricane characteristics. This is usually given in the form of a map that shows the likely region for the hurricane landfall together with high wind and flooding risk zones further inland. Currently, we only use information about the flooding level, but information about high wind risk zones will be incorportated. In addition, the model requires an estimate of the hurricane strength (in the Saffir-Simpson scale) at landfall.
• Geographical Information System map of census block groups (a census block group is the smallest geographic unit used by the U.S. Census Bureau for tabulation of 100-percent data, i.e., data collected from all households, rather than a sample of houses). These maps are used to determine which census block groups are in the likely path of the hurricane and will be required to evacuate.
• Population demographics at the census block group level.
This data describes the marginal distribution of demographic variables.
• Public-Use Microdata Samples (PUMS), 5% sample for the region under study. This data is used to create synthetic households that statistically match the marginal characteristics from the census in each blockgroup.
• Risk zones for flooding or evacuation zones. Ideally, this data is provided in the form of Shapefiles (i.e., geospatial vector data for geographic information systems software, developed and regulated by ESRI) registered with the census block group map.
• Capacity Information. Number of schools and enrollment in each census block group, together with the number of churches together with the number of church employees, are used to determine the capacity of public shelters. The number of hotel and motel beds in each block group is inferred from the Dun & Bradstreet database.
B. Evacuation behavior
The evacuation behavior model consists of three modules that takes as input the households from the synthetic population to simulate the evacuation decision based on the perceived risks of that household, and if needed, the selection and geolocation of the shelter.
1) Evacuation Decision Module:
The implemented module is illustrated in Figure 2 . The basic structure for the decision to evacuate is to compute a perceived risk factor, modulated by the effectiveness of government interventions. If a decision to evacuate is made, the ability of that household to execute its decision is evaluated based on the availability of a vehicle.
The perceived risk model is an adaptation of the logistic model for the probability of evacuation reported in [22] . The model is an adaptation since some of the variables in the original model are not available. Whenever possible, the missing variables were marginalized and the intercepts were adjusted accordingly.
Whitehead's model [22] was slightly modified by treating the presence of disabled individuals in the household as the presence of an additional elderly individual. This is to account for health status of the members of the household, which Heath et al. have found to be significant [12] . Heath et al. also found pet ownership to be an important factor for households deciding to evacuate [12] . Given that 1) none of the accessible data sources help to determine pet ownership, and 2) pet ownership is likely to be ubiquitous (that is, fairly uniformly distributed over the entire population), this factor is treated as missing, and the intercept of the logistic model is adjusted. Finally, our model adopts a blanket rule that all households living in mobile homes located within the evacuation zone (see section V-C) evacuate. This is consistent with the literature, which repeatedly identifies mobile homes as the most vulnerable type of housing units to high winds.
The role of government intervention is to convince more people to evacuate. The underlying premise is that the population understands such order. An assumption is that this order is likely to be given in both English and Spanish. However, it is possible that households that are not proficient in English/Spanish will not understand the order and neglect to evacuate. This resulted in a small enough change in the original government intervention variable such that the coefficient of that variable did not need to be adjusted.
2) Shelter-Type Decision Module: Figure 3 shows the flow diagram for the shelter-type decision module. Most reports classify shelter types into three categories: 1) emergency or public shelters, 2) hotels and motels, and 3) friends and family. Beyond these three types, a few studies consider mobile homes and trailers as viable shelters. In practice, these make up only a small fraction of shelters (less than 6%).
Whitehead et al. consider a multiple-choice model for the decision of the type of shelter [22] . As for the decision to evacuate, a few of the variables in the model are missing, namely pets and wind risk (which will be incorportated in a later version). The module solves this problem by averaging over the marginal distribution of the missing covariate and suitably adjusting the intercept. In Whitehead's model, households that belong to the region's dominant racial group are more likely to stay with family/friends [22] . Since the study was conducted for a racially homogenous region, the model was adjusted so that households that belong to any of the region's two dominant racial groups are more likely to stay with family/friends.
3) Shelter Geo-location Module : The decision about where to evacuate depends on the shelter type, and this enables the shelter geo-location module to indirectly incorporate socioeconomic considerations. The guidelines for hurricane studies, see [1] and [10] , suggests that the simplest model is to allocate the evacuees proportionally to the population of the possible region where they evacuate to, possible weighted by a function of distance. This is essentially a gravity model that has successfully been used by TRANSIMS [21] and Dow [9] .
The gravity model used here was built based on a general understanding of how people evacuate. For example, for friends and family, the module used race affinity to determine the size of the attractors. That is, evacuees are more likely to stay with someone from the same racial make-up as the head of household. For hotels/motels, the module incorporates an attractor by estimating the number of vacant rooms as measured by the number of employees and assumes (based on hotel occupancy data) that the hotels were at 40% capacity before the hurricane. For the emergency shelters, the module uses schools (in accordance with Red Cross and local contingency plans), determining the size of the shelter by assuming that a school with less than 1,000 students has the equivalent of one gymnasium (which holds 50 people) and that a school with more than 1,000 students has the equivalent of two gymnasia (holding a total of 100 people). Shelters of last resort, such as coliseums, are included only under mandatory evacuations orders, and if any knowledge about the utilization of such shelters is available. Recall, however, that our tool estimates the number of people/households failing to evacuate. In cases of catastrophic events, these people are forced to seek local refuge in shelters of last resort. Thus, the model gives a bound on the required capacity for shelters of last resort.
The module assumes that in the event of a large storm, evacuees will be willing to travel farther than in the event of a weaker storm. This was modeled by weighting the distance with the Saffir-Simpson hurricane strength. We implement this idea by dividing the entire region into evacuation bands. At the onset of the simulation, we let individuals go to the nearest band, but as the number of evacuees in the first band approaches its capacity, we let the evacuees move to the next band. This approach is computationally more efficient than than randomly selecting the shelter location and rejecting the selection if it is over capacity.
C. Practical considerations
From a probable hurricane path, we can identify the areas (and hence the population) impacted by the storm. To reflect differential impact of storm surges and high winds to different regions within the landfall, we divide the region into risk zones that have, or are perceived to have, comparable risk. Ideally these areas should be determined by local management agencies, and their levels should correspond to what most local management agencies define as the different evacuation zones. In the absence of reliable local information, one can construct risk zones from hurricane surge maps, possibly combining multiple landfall scenarios. 18 5 There are several ways to resolve a mismatch between the risk zone and census boundaries. We choose to use the most conservative approach, labeling entire census block-group with the highest risk level it contains. We argue that this choice accounts for "herd behavior", where the evacuation from a neighbor can increase ones perceived risk, and lead to an sympathetic evacuation.
D. Limitations of the current model
Like all models, ours has several limitations. For one, it does not consider transient populations such as vacationers. The evacuation study guidelines [1] mention this part of the population, but note that in the event of a hurricane, they are likely to evacuate early and return home. As a result, transient populations have been excluded because they will not significantly add to the demands on infrastructure and resources in the neighboring communities.
Another limitation is that the model is not dynamic: the outflow of people is not modeled as a function of time, and how that outflow is influenced by the changing nature of the storm. Congestion is not modeled either, which assumes that everyone who wants to evacuate can, provided they have a vehicle available to do so, unless mandatory evacuation orders are issued, in which case we assume that the goverment will make means of trasportation available for all those who don't own a car and decide to evacuate. The current implementation randomizes the order for the decision of each household to evacuate.
VI. EXAMPLE As an illustrative example, consider the problem of predicting evacuation and relocation patterns from hurricane Ike which made landfall over Galveston Island, Texas on Saturday September 13th. Ike was predicted to make landfall as a category four hurricane on the Saffir-Simpson-Scale, but weakened to a category two hurricane by the time it reach land. Just a few days earlier Ike was expected to be the deadliest hurricanes in U.S. history, and do tremendous damage given its enormous size with winds hurricane force extending outward up to 120 miles from the center, and tropical storm force winds up to 275 miles. Ike ended up losing strength and did not reach the predicted level. While the top wind-speeds at landfall (around 110 miles per hour) was less than initially predicted, the accompanying flood surges were characteristic of a category four hurricane. This anecdotal evidence points to the robustness of our tool to make predictions, even if the characteristics of the hurricane change between the time the prediction is made and the time landfall occurs.
The predictions we produced from our tool are based on advisory 45 from the National Oceanic and Atmospheric Administrations (NOAA's) National Hurricane Center. In that advisory report, Ike was predicted to produce flood surges from just north of Brownsville, TX and covering the rest of the Texan and Louisianan coastlines, and touching the cost of Mississippi. We constructed the evacuation zone by selecting all the blockgroups that intersect the surge area, and subsequently adding all those blockgroups that are adjacent to the first set of blockgroups (Figure 4) . The flood surge was computed assuming a category three hurricane would make landfall, a reasonable assumption at that time.
Assuming a mandatory evacuation was in effect for the entire flood zone, our tool predicted 700,000 evacuees from Louisiana, and 880,000 from Texas for a total of 1.6 million evacuees. The region impacted by an actual evacuation orders differed from what we used in our simulations. And while the actual evacuation zone included areas along the coastline, it also included in some instances whole counties. Nevertheless, the predictions from the tool are close to the official reported evacuation numbers of around eight hundred thousand evacuees from Louisiana, and somewhat larger than the reported one million evacuees from Texas. Figures 5 -7 show where people choose to relocate. Note that people sheltering with friend and family travel the largest distance, while people going to hotels tend to go to bigger cities, and evacuees taking refuge in public shelters travel the least distance. Fig. 7 . Predicted relocation of evacuees from Hurricane Ike to public shelters. Evacuees to public emergency shelters travel less on average than evacuees that relocate with friends and family or to hotels and motels.
VII. CONCLUSION
This paper presents a paradigm for predicting the evacuation and relocation behavior of a population in a wake of a hurricane. Given a hurricane scenario, the model estimates the total number of households evacuating using a logistic model, their choice of shelter type using a multi-choice model, and finally where the household will relocate via a weigthed gravity model. The aggregated results: total number of evacuess, total number of people choosing different types of shelter, and the total amount of people relocating to other communities provide statistically significant estimates to decision makers.
